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1 Global Epidemic and Mobility Model

1.1 Data sources

GLEAM accounts for worldwide population distribution, mobility by flight,
and national commuting, modeled based on the following datasets:

• Population distribution. Population distribution is based on high-
resolution data from the ’Gridded Population of the World’ project of
the Socioeconomic Data and Applications Center at Columbia Univer-
sity [1]. Specifically, this database provides a population estimate on
a grid of cells covering the whole planet at a resolution of 15×15 min-
utes of arc. Those cells are assigned to nearby transportation hubs by
a Voronoi-like tessellation structure that takes into account distance
constraints, forming geographic census areas around each hub. The
present version of the model uses 3,362 of such census areas in 220
countries.

• Air travel. Human mobility integrates the global flight network with
the short-scale daily commuting patterns between adjacent patches. In
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particular, mobility by flight is modeled based on the data set provided
by the International Air Transport Association and the Official Airline
Guide [2] containing all worldwide origin-destination trips during 2013.

• Commuting. The commuting considers data from 80, 000 admin-
istrative regions from 30 countries in 5 different continents [3]. Data
of different spatial resolution levels are mapped into the geographical
census areas formed by the Voronoi-like tessellation procedure around
the main transportation hubs. The fact that census areas are relatively
homogeneous allows us to estimate a gravity law that successfully re-
produces the commuting data obtained across different continents and
provides us with estimates for the possible commuting levels in the
countries for which such data are not available [3, 4]. The mapped
commuting flows can be considered as a second transport network
connecting geographically close patches.

1.2 Model of air-travel

1.2.1 Network reconstruction and traveling process

A weighted network is built from the data by assigning to each airport pair i,
j the average daily number of passengers, wij , traveling between the two air-
ports during 2013. The resulting network has ∼ 670, 000 links with a total of
7 million daily passengers. The network shows a high degree of heterogeneity
both in the number of destinations per airport and in the number of passen-
gers per connection. To avoid excessive computational times (proportional
to the number of mobility links) a filtered network was generated by remov-
ing links with less than 2 passengers per day, thus keeping the high-traffic
links corresponding to 16% of the total links and accounting for 98% of the
total traffic. As an alternative method, we tested also the disparity filter[5]
for extracting the backbone of the network - i.e. a filtering procedure that
preserves the edges that represent statistically significant deviations with re-
spect to a null model for the local assignment of weights to edges. However,
simple threshold-based filtering was preferred in that, despite altering the
distribution of weights, it preserved the geographic repartition of travelers.

Mobility based on air travel is modeled explicitly, as a discrete-time
multinomial process with the time scale of one day [6]. Daily travel flux,
wij , are used to compute transition probabilities that rule the travel dynam-
ics. The recurrent and the Markovian travel approaches differ in that the
former assumes individuals leave their residence patch for a certain destina-
tion and then return home after a certain time, while the second considers
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random traveling trajectories where the individuals have no assigned patch
of residence.

1.2.2 Markovian travel

Individuals in the patch i, belonging to the disease compartment Xi (among
susceptible, latent, asymptomatic infectious, etc., as described in the fol-
lowing section), can travel to every patch j of the set Γi of i’s neighboring
populations in the air-travel network. At each time step ∆t, the travel-
ing probability from i to j is computed as pij = wij∆t/Ni, with Ni being
the population of i. At each time step, from the probability vector {pij}j∈Γi

multinomial extractions yield the number of travelers ∆Xij from i to j. Once
the numbers of travelers are extracted for each connection, the occupation
number of the class Xi in each patch is updated according to incoming and
outgoing individuals

Xi(t) = Xi(t− 1) +
∑
j∈Γi

∆Xji −∆Xij .

1.2.3 Recurrent travel

We followed the approach of [7, 8, 9, 10] here implemented in a fully stochas-
tic individual-based version. Ni individuals are assigned to the patch of res-
idence i and further subdivided into mobility classes, according to the patch
where they are present at a given time. Nij(t) is thus the class of individ-
uals who are resident in i and traveling at time t in the neighboring patch
j, while the class Nii(t) groups individuals resident in i and not traveling
at time step t – the same applies to each disease compartment X, in such a
way that Xij(t) is the class of individuals in disease compartment X, who
are resident in the patch i and traveling at time t in the neighboring patch
j. At each time step ∆t, individuals of each compartment X leave i for the
destination j with probability νij∆t and they return to i with probability
∆t/τ , with τ being the average length of stay. Following these rules, mo-
bility classes are updated at each time step with binomial and multinomial
extractions.

Model parametrization is based on air-transport data and traveling statis-
tics as follows. The average length of stay on the travel destination, τ , is
assumed to be the same for every patch and equal to 15 days (i.e. return
rate 1/15 days−1) [3]. The rate of leaving, νij , is instead chosen to recover
the traveling fluxes of the air-travel database. To achieve this, we assume
the mobility dynamics to be at equilibrium, with the occupation numbers
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of the mobility classes stable in time. These can be computed from the
continuous differential equations

∂tNii = −νiNii(t) + τ−1
∑

j∈Γi
Nij(t),

∂tNij = νijNii(t)− τ−1Nij(t),

(1)

where Γi is the set of i’s neighboring populations and νi =
∑

j∈Γi
νij . The

equilibrium condition then reads

Nii =
Ni

1 + τνi
,

Nij =
Niτνij
1 + τνi

. (2)

This implies that the daily flux of passengers along a connection, wij , can
be computed as the sum of individuals leaving their residence patch and
individuals returning home, namely

wij = νijNii +Nji/τ

=
Niνij
1 + τνi

+
Njνji
1 + τνj

. (3)

The equilibrium condition implies the symmetry condition wij = wji, in
that for the node population to be stable people returning home must be
equal on average to people leaving. In order to compute νij from wij , we
note, however, that Eq. 3 provides a degenerate system of equations with
the number of equations being half of the number of variables. This is
due to the symmetry condition wij = wji, that a priori does not hold for
νij . Therefore, to compute the set of leaving rates other constraints must
be assumed. Here, we assumed that the travelers are equally subdivided
into people departing and people returning home, namely νijNii = Nji/τ =
wij/2. A different assumption was tested (νij = νji) without noticeable
variation in the simulated epidemic dynamics.

1.3 Model of transmission and commuting

Inside each patch of the metapopulation model, we consider a compartmen-
tal scheme, typical of influenza-like illnesses (ILIs), where each individual
has a discrete disease state assigned at each moment in time among Suscep-
tible, Latent, Asymptomatic Infectious, Symptomatic Infectious that can
travel, Symptomatic Infectious that cannot travel due to the severity of

5



μ

μ

μ

εp a

ε(1 − pa)pt
ε(1 − pa )(1 − pt )

susceptible latent infectious sympt. trav. recovered

infectious asympt.

infectious sympt. not trav.

D−1

Figure S1: Scheme of the compartmental model. Expressions for the tran-
sition probabilities are reported in Tab. S2.

Table S1: Transitions between compartments and their rates.

Transition Type Rate

Sj → Lj Contagion λj

Lj → Iaj Spontaneous εpa
Lj → Itj ” ε(1− pa)pt
Lj → Intj ” ε(1− pa)(1− pt)

Iaj → Rj ” µ

Itj → Rj ” µ

Intj → Rj ” µ

Rj → Sj ” D−1

symptoms, and Recovered. The rate at which a susceptible individual in
patch j acquires the infection, the so-called force of infection λj , is deter-
mined by interactions with infectious persons either in the home patch j
or in its neighboring patches on the commuting network. Individuals mix
homogeneously with other individuals sharing the same home patch j. The
level of mixing with individuals in neighboring patches is instead modulated
by commuting probability and duration, as detailed in [3, 4]. Overall trans-
mission is modulated by the parameter βi, representing the intrinsic viral
transmissibility that depends on the patch i where mixing occurs.

Given the force of infection λj in patch j, each person in the susceptible
compartment (Sj) contracts the infection with probability λj∆t and enters
the latent compartment (Lj), where ∆t is the time interval considered. La-
tent individuals exit the compartment with probability ε∆t, and transit to
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Table S2: Summary of parameters and their values

Parameter Value

β(t) computed from Eq.( 4)
µ 1/2.5 days [11]
ϵ 1/1.1 days [11]
pa 0.33 [12]
pt 0.5 [12]
rβ 0.5 [12]
D explored
Rmin explored
Rmax explored
tmax explored

asymptomatic infectious compartment (Iaj ) with probability pa or, with the
complementary probability 1 − pa, become symptomatic infectious. Infec-
tious persons with symptoms are further divided between those who can
travel (Itj), probability pt, and those who are travel-restricted due to severe
symptoms (Intj ) with probability 1 − pt. Asymptomatic individuals are as-
sumed to have infection potential reduced by a factor rβ with respect to
individuals showing symptoms. All the infectious persons fully recover with
probability µ∆t, entering the recovered compartment (Rj) in the next time
step. Recovered individuals lose their immunity and become fully suscepti-
ble again with rate D−1. A schematic representation of the compartmental
model is reported in Fig. S1, all transitions and corresponding rates are
summarized in Table S1, while parameter values are reported in Table S2.

For the compartmental model above described the basic reproduction
number (R0) is given by

R0 = βµ−1[1− pa + rβpa]. (4)

1.4 Seasonality in transmission

In order to model the seasonality effect in the northern and in the southern
hemispheres, we follow the approach of Cooper et al. [13] rescaling the basic
reproduction ratio R0 by a sinusoidal function,

R0,h (t) =
Rmax

2

[(
1− Rmin

Rmax

)
sin

(
2π

365
(t− tmax, h) +

π

2

)
+ 1 +

Rmin

Rmax

]
,
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where h refers to the seasonal area (among northern hemisphere, southern
hemisphere, tropics) each patch belongs to. In the tropical region, R0 is
identically equal to Rmax. tmax, h is the time corresponding to the maximum
of the sinusoid and hence to the maximum of the effective R0, Rmax. The
time of maximum transmissibility in the southern hemisphere, tmax, s occurs
six months out of phase with respect to the northern hemisphere (tmax, n).
The parameters tmax, n, Rmin and Rmax were calibrated as detailed in the
following section. Tab. S2 summarizes all parameters and their values.

1.5 Stochastic simulations

For each set of parameters and for each version of the model, we run stochas-
tic simulations of 28-year global circulation of influenza. Simulations are in
discrete time with a temporal resolution of one day. At each time step,
multinomial extractions associated with traveling and infection dynamics
rules are performed for each patch. To ensure that the dynamics converge
to an active epidemic state, we started with an initial configuration roughly
close to the equilibrium configuration. In particular, we assumed for each
patch a non negligible fraction of the population to be symptomatic infec-
tious (0.0001), a fraction 1−1/Rmax to be recovered, and the rest susceptible.
Alternative initial conditions were tested and showed that different occupa-
tion numbers of the compartments and different distributions of infectious
across patches (i.e. a single infected patch instead of all patches) were affect-
ing the probability of observing epidemic extinction at the beginning and the
intensity of the epidemic peaks during the transient stage, while, instead,
the average incidence and the number of imported cases computed across
years and runs, after discarding the initial epidemic period, were robust to
initial conditions. The initial transient-dynamics period discarded was 8
years. We run 36 stochastic simulations for each scenario. After prelimi-
nary tests, this number was found to be sufficient to properly reconstruct
the space of dynamic trajectories.

Daily traveling infectious cases from one city to another simulated with
GLEAM are spatially aggregated at the country level by summing the fluxes
between airports situated within the same pair of countries. These fluxes
are then aggregated in time by summing them over specified time intervals,
either annually or within six-month periods - from March 21 to September
20 and from September 21 to March 20, named throughout the text April-
September and October-March, respectively. We obtained, in this way, the
matrices containing the annual and seasonal influenza migration fluxes.

Different Rmax, Rmin, tmax and D were compared. Specifically, values
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tested where: Rmax ∈ [1.25, 1.5, 1.75, 2.0, 2.25, 2.5] [14]; Rmin ∈ [0.5, 0.75]
(exploring different levels of subcritical transmission [15]);
tmax ∈ [Nov 15th,Dec 15th, Jan 15th] and D ∈ [1, 2, 4, 6, 8] [16, 17, 18, 19].

2 Phylogeographic GLM analysis

We employ a generalized linear model (GLM) formulation of a continuous-
time Markov chain (CTMC) process[20] to test how simulated fluxes pre-
dict phylogeographic diffusion. This model parameterizes the instantaneous
movement rate Λij from location i to location j as a log-linear function

of P potential predictors Xij = (xij1, . . . , xijP )
′
with unknown coefficients

β = (β1, . . . , βP )
′
and diagonal matrix δ with entries (δ1, . . . , δP ). These

latter unknown indicators δp ∈ {0, 1} determine predictor p’s inclusion in
or exclusion from the model. We refer to [20] for the details of drawing pos-
terior inference under the standard GLM-diffusion model. Because we aim
to compare the support for individual model-based fluxes out of P possible
fluxes, instead of allowing all possible combinations of different predictors
as in previous applications, we replace the standard transition kernel on the
indicator variables that determine predictor inclusion by a new transition
kernel that proposes a single randomly chosen predictor to replace the cur-
rent predictor in the GLM model. The inclusion of only a single predictor
removes the need to specify a prior probability over the inclusion probabil-
ities that prefer a sparse set of predictors a priori. Instead, each flux has
a prior probability of 1/P to be included in the model. We follow [20] in
specifying that a priori all βp are independent and normally distributed with
mean 0 and a relatively large variance of 4.

To consider time-inhomogeneity in the spatial diffusion process, we bor-
row epoch modeling concepts from [21]. The epoch GLM parameterizes the
instantaneous movement rate Λijt from state i to state j within epoch t as

a log-linear function of P epoch-specific predictors Xijt = (xijt1, . . . , xijtP )
′

with constant-through-time, unknown coefficients β. As epoch-specific pre-
dictors, we use the aggregated GLEAM fluxes from two consecutive six-
month periods. These fluxes are considered predictors for their correspond-
ing alternating periods throughout the evolutionary history. We report pos-
terior expectations for the inclusion probabilities associated with each flux.

Using the time-inhomogeneous (epoch) GLM-diffusion approach, we com-
pare fluxes based on the standard air-passenger network with Markovian and
the recurrent travel version of GLEAM (Supplementary Table S3), either as
seasonally aggregated fluxes over time against annually aggregated fluxes
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(Supplementary Table S4), as well as peak time represented by January
against December (Supplementary Table S5) and November against Decem-
ber (Supplementary Table S6) for the full H3N2 (H3), H1N1(H1), Yamagata
(YAM) and Victoria (VIC) data sets. These Supplementary Tables are also
available at https://github.com/phylogeography/GLEAM-phylogeography
We use BEAST [22] to estimate posterior distributions for the parameters
in the various phylogeographic models in conjunction with the BEAGLE
library [23] to speed up likelihood calculations.

3 Simulation study

We evaluate the performance of the phylogeographic GLM procedure by sim-
ulating discrete diffusion processes for five different predictors. Specifically,
20 replicates of discrete diffusion processes were simulated using πBUSS [24]
according to air travel and four different time-homogeneous GLEAM flux
predictors. The posterior inclusion probabilities averaged over the 20 repli-
cates demonstrate that we are generally able to find good support for the
predictor that was used to simulate the discrete diffusion process (Fig. S2).
Specifically, we generally recover good support for air travel fluxes for dif-
fusion processes simulated according to this predictor (Fig. S2A). We also
consistently recover the highest support for the specific GLEAM parame-
ter values that were used in the simulations with GLEAM flux predictors
(Fig. S2B-E), even though they can be associated with considerable uncer-
tainty. However, in cases with uncertainty (e.g. D inclusion probabilities
in Fig. S2B and Fig. S2E or Rmax inclusion probabilities in Fig. S2D and
Fig. S2E), only values close to the true parameters receive substantial sup-
port. Finally, we find overwhelming support for time-homogeneous fluxes
(annual), as used in the simulations, as opposed to time-inhomogeneous
fluxes (seasonal).
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Table S3: Inclusion probabilities for the phylogeographic GLM comparison (C) of fluxes
based on both Markovian (M) and recurrent travel (i.e. non-Markovian, NM) GLEAM
parameterizations. The highest inclusion probabilities for each data set are shown in bold,
non-zero rates in italic and zero values are represented by hyphens.

Rmax Rmin D C H3nr H3r H1nr H1r YAMnr YAMr VICnr VICr

(air) (air) (air) (air) - - - 0.02 - - - 0.95
1.25 0.5 1 M - - - - - - - -
1.25 0.5 2 M - - - - - - - -
1.25 0.5 4 M - - - - - - - -
1.25 0.5 6 M - - - - - - - -
1.25 0.5 8 M - - - - - - - -
1.25 0.75 1 M - - - - - - - -
1.25 0.75 2 M - - - - - - - -
1.25 0.75 4 M - - - - - - - -
1.25 0.75 6 M - - - - - - - -
1.25 0.75 8 M - - - - - - - -
1.5 0.5 1 M - - - - - - - -
1.5 0.5 2 M - - - - - - - -
1.5 0.5 4 M - - - - - - - -
1.5 0.5 6 M - - - - - - - -
1.5 0.5 8 M - - - - - - - -
1.5 0.75 1 M - - - - - - - -
1.5 0.75 2 M - - - - - - - -
1.5 0.75 4 M - - - - - - - -
1.5 0.75 6 M - - - - - - - -
1.5 0.75 8 M - - - - - - - -
1.75 0.5 1 M - - - - - - - -
1.75 0.5 2 M - - - - - - - -
1.75 0.5 4 M - - - - - - - -
1.75 0.5 6 M - - - - - - - -
1.75 0.5 8 M - - - - - - - -
1.75 0.75 1 M - - - - - - - -
1.75 0.75 2 M - - - - - - - -
1.75 0.75 4 M - - - - - - - -
1.75 0.75 6 M - - - - - - - -
1.75 0.75 8 M - - - - - - - -
2 0.5 1 M - - - - - - - -
2 0.5 2 M - - - - - - - -
2 0.5 4 M - - - - - - - -
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2 0.5 6 M - - - - - - - -
2 0.5 8 M - - - - - - - -
2 0.75 1 M - - - - - - - -
2 0.75 2 M - - - - - - - -
2 0.75 4 M - - - - - - - -
2 0.75 6 M - - - - - - - -
2 0.75 8 M - - - - - - - -
2.25 0.5 1 M - - - - - - - -
2.25 0.5 2 M - - - - - - - -
2.25 0.5 4 M - - - - - - - -
2.25 0.5 6 M - - - - - - - -
2.25 0.5 8 M - - - - - - - -
2.25 0.75 1 M - - - - - - - -
2.25 0.75 2 M - - - - - - - -
2.25 0.75 4 M - - - - - - - -
2.25 0.75 6 M - - - - - - - -
2.25 0.75 8 M - - - - - - - -
2.5 0.5 1 M - - - - - - - -
2.5 0.5 2 M - - - - - - - -
2.5 0.5 4 M - - - - - - - -
2.5 0.5 6 M - - - - - - - -
2.5 0.5 8 M - - - - - - - -
2.5 0.75 1 M - - - - - - - -
2.5 0.75 2 M - - - - - - - -
2.5 0.75 4 M - - - - - - - -
2.5 0.75 6 M - - - - - - - -
2.5 0.75 8 M - - - - - - - -
1.25 0.5 1 NM - - - - - - - -
1.25 0.5 2 NM - - - - - - - -
1.25 0.5 4 NM - - - - - - - -
1.25 0.5 6 NM - - - - - - - -
1.25 0.5 8 NM - - - - - - - -
1.25 0.75 1 NM - - - - - - - -
1.25 0.75 2 NM - - - - - - - -
1.25 0.75 4 NM - - - - - - - -
1.25 0.75 6 NM - - - - - - - -
1.25 0.75 8 NM - - - - - - - -
1.5 0.5 1 NM - - 0.19 0.02 - - - -
1.5 0.5 2 NM - - 0.01 - - - - -
1.5 0.5 4 NM - - - - - - - -
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1.5 0.5 6 NM - - - - - - - -
1.5 0.5 8 NM - - - - - - - -
1.5 0.75 1 NM - - 0.32 0.15 - 0.01 0.01 -
1.5 0.75 2 NM - - 0.01 - - - - -
1.5 0.75 4 NM - - - - - - - -
1.5 0.75 6 NM - - - - - - - -
1.5 0.75 8 NM - - - - - - - -
1.75 0.5 1 NM - - - - - 0.01 - -
1.75 0.5 2 NM - - 0.01 0.01 0.01 0.02 0.04 -
1.75 0.5 4 NM - - 0.01 - - - - -
1.75 0.5 6 NM - - - - - - - -
1.75 0.5 8 NM - - - - - - - -
1.75 0.75 1 NM - - - 0.01 - 0.01 - -
1.75 0.75 2 NM - - 0.03 0.02 0.08 0.09 - -
1.75 0.75 4 NM - - - - - - - -
1.75 0.75 6 NM - - - - - - - -
1.75 0.75 8 NM - - - - - - - -
2 0.5 1 NM - - - - - - - -
2 0.5 2 NM - - - - 0.03 0.09 0.05 -
2 0.5 4 NM - - 0.01 0.01 - - - -
2 0.5 6 NM - - - 0.01 - - - -
2 0.5 8 NM - - - - - - - -
2 0.75 1 NM - - - - - - - -
2 0.75 2 NM - - 0.03 0.02 0.73 0.46 0.77 -
2 0.75 4 NM - - - 0.02 - 0.01 - -
2 0.75 6 NM - - - - - - - -
2 0.75 8 NM - - - - - - - -
2.25 0.5 1 NM - - - - - - - -
2.25 0.5 2 NM 0.32 - 0.03 0.04 0.01 0.08 0.03 -
2.25 0.5 4 NM - - - 0.02 - 0.02 - -
2.25 0.5 6 NM - - - 0.01 - - - -
2.25 0.5 8 NM - - - - - - - -
2.25 0.75 1 NM - - - - - - - -
2.25 0.75 2 NM 0.68 1.00 0.30 0.51 - - 0.06 -
2.25 0.75 4 NM - - - 0.01 - 0.02 0.01 -
2.25 0.75 6 NM - - - 0.01 - - - -
2.25 0.75 8 NM - - - - - - - -
2.5 0.5 1 NM - - - - - - - -
2.5 0.5 2 NM - - - 0.01 - 0.01 - -
2.5 0.5 4 NM - - - - 0.03 0.04 0.01 -
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2.5 0.5 6 NM - - - 0.02 - - - -
2.5 0.5 8 NM - - - - - - - -
2.5 0.75 1 NM - - - - - - - -
2.5 0.75 2 NM - - - 0.01 - 0.02 - -
2.5 0.75 4 NM - - - - 0.09 0.07 0.02 -
2.5 0.75 6 NM - - - 0.03 - 0.01 - -
2.5 0.75 8 NM - - - 0.01 - - - -

Table S4: Inclusion probabilities for the phylogeographic GLM comparison (C) of annually-
aggregated (A) and seasonally-aggregated (S) fluxes based on different in a non-Markovian
GLEAM parameterizations. The highest inclusion probabilities for each data set are shown
in bold, non-zero rates in italic and zero values are represented by hyphens.

Rmax Rmin D C H3nr H3r H1nr H1r YAMnr YAMr VICnr VICr

(air) (air) (air) (air) - - - 0.02 - - - 0.95
1.25 0.5 1 A - - - - - - - -
1.25 0.5 2 A - - - - - - - -
1.25 0.5 4 A - - - - - - - -
1.25 0.5 6 A - - - - - - - -
1.25 0.5 8 A - - - - - - - -
1.25 0.75 1 A - - - - - - - -
1.25 0.75 2 A - - - - - - - -
1.25 0.75 4 A - - - - - - - -
1.25 0.75 6 A - - - - - - - -
1.25 0.75 8 A - - - - - - - -
1.5 0.5 1 A - - - - - - - -
1.5 0.5 2 A - - - - - - - -
1.5 0.5 4 A - - - - - - - -
1.5 0.5 6 A - - - - - - - -
1.5 0.5 8 A - - - - - - - -
1.5 0.75 1 A - - - - - - - -
1.5 0.75 2 A - - - - - - - -
1.5 0.75 4 A - - - - - - - -
1.5 0.75 6 A - - - - - - - -
1.5 0.75 8 A - - - - - - - -
1.75 0.5 1 A - - - - - - - -
1.75 0.5 2 A - - - - - - - -
1.75 0.5 4 A - - - - - - - -
1.75 0.5 6 A - - - - - - - -
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1.75 0.5 8 A - - - - - - - -
1.75 0.75 1 A - - - - - - - -
1.75 0.75 2 A - - - - - - - -
1.75 0.75 4 A - - - - - - - -
1.75 0.75 6 A - - - - - - - -
1.75 0.75 8 A - - - - - - - -
2 0.5 1 A - - - - - - - -
2 0.5 2 A - - - - - - - -
2 0.5 4 A - - - - - - - -
2 0.5 6 A - - - - - - - -
2 0.5 8 A - - - - - - - -
2 0.75 1 A - - - - - - - -
2 0.75 2 A - - - - - - - -
2 0.75 4 A - - - - - - - -
2 0.75 6 A - - - - - - - -
2 0.75 8 A - - - - - - - -
2.25 0.5 1 A - - - - - - - -
2.25 0.5 2 A - - - - - - - -
2.25 0.5 4 A - - - - - - - -
2.25 0.5 6 A - - - - - - - -
2.25 0.5 8 A - - - - - - - -
2.25 0.75 1 A - - - - - - - -
2.25 0.75 2 A - - - - - - - -
2.25 0.75 4 A - - - - - - - -
2.25 0.75 6 A - - - - - - - -
2.25 0.75 8 A - - - - - - - -
2.5 0.5 1 A - - - - - - - -
2.5 0.5 2 A - - - - - - - -
2.5 0.5 4 A - - - - - - - -
2.5 0.5 6 A - - - - - - - -
2.5 0.5 8 A - - - - - - - -
2.5 0.75 1 A - - - - - - - -
2.5 0.75 2 A - - - - - - - -
2.5 0.75 4 A - - - - - - - -
2.5 0.75 6 A - - - - - - - -
2.5 0.75 8 A - - - - - - - -
1.25 0.5 1 S - - - - - - - -
1.25 0.5 2 S - - - - - - - -
1.25 0.5 4 S - - - - - - - -
1.25 0.5 6 S - - - - - - - -
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1.25 0.5 8 S - - - - - - - -
1.25 0.75 1 S - - - - - - - -
1.25 0.75 2 S - - - - - - - -
1.25 0.75 4 S - - - - - - - -
1.25 0.75 6 S - - - - - - - -
1.25 0.75 8 S - - - - - - - -
1.5 0.5 1 S - - 0.20 0.02 - - - -
1.5 0.5 2 S - - 0.01 - - - - -
1.5 0.5 4 S - - - - - - - -
1.5 0.5 6 S - - - - - - - -
1.5 0.5 8 S - - - - - - - -
1.5 0.75 1 S - - 0.32 0.15 - 0.01 0.01 -
1.5 0.75 2 S - - 0.01 - - - - -
1.5 0.75 4 S - - - - - - - -
1.5 0.75 6 S - - - - - - - -
1.5 0.75 8 S - - - - - - - -
1.75 0.5 1 S - - - - - 0.01 - -
1.75 0.5 2 S - - 0.01 0.01 0.01 0.02 0.04 -
1.75 0.5 4 S - - 0.01 - - - - -
1.75 0.5 6 S - - - - - - - -
1.75 0.5 8 S - - - - - - - -
1.75 0.75 1 S - - - 0.01 - 0.01 - -
1.75 0.75 2 S - - 0.03 0.02 0.09 0.09 - -
1.75 0.75 4 S - - - - - - - -
1.75 0.75 6 S - - - - - - - -
1.75 0.75 8 S - - - - - - - -
2 0.5 1 S - - - - - - - -
2 0.5 2 S - - - - 0.03 0.09 0.06 -
2 0.5 4 S - - 0.01 0.01 - - - -
2 0.5 6 S - - 0.01 0.01 - - - -
2 0.5 8 S - - - - - - - -
2 0.75 1 S - - - - - - - -
2 0.75 2 S - - 0.03 0.02 0.73 0.46 0.77 -
2 0.75 4 S - - - 0.02 - 0.01 - -
2 0.75 6 S - - - - - - - -
2 0.75 8 S - - - - - - - -
2.25 0.5 1 S - - - - - - - -
2.25 0.5 2 S 0.32 - 0.03 0.04 0.01 0.07 0.03 -
2.25 0.5 4 S - - - 0.02 - 0.02 - -
2.25 0.5 6 S - - - 0.01 - - - -
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2.25 0.5 8 S - - - - - - - -
2.25 0.75 1 S - - - - - - - -
2.25 0.75 2 S 0.68 0.99 0.29 0.48 - - 0.06 -
2.25 0.75 4 S - - - 0.02 - 0.02 0.01 -
2.25 0.75 6 S - - - 0.02 - - - -
2.25 0.75 8 S - - - - - - - -
2.5 0.5 1 S - - - - - - - -
2.5 0.5 2 S - - - 0.01 - 0.01 - -
2.5 0.5 4 S - - - - 0.03 0.04 0.01 -
2.5 0.5 6 S - - 0.01 0.02 - - - -
2.5 0.5 8 S - - - - - - - -
2.5 0.75 1 S - - - - - - - -
2.5 0.75 2 S - - - 0.01 - 0.01 - -
2.5 0.75 4 S - - - - 0.09 0.08 0.02 -
2.5 0.75 6 S - - - 0.02 - 0.01 - -
2.5 0.75 8 S - - - 0.01 - - - -

Table S5: Inclusion probabilities for the phylogeographic GLM comparison (C) of peak
time between December-aggregated (Dec) and January-aggregated (Jan) fluxes based on
a non-Markovian GLEAM parameterization. The highest inclusion probabilities for each
data set are shown in bold, non-zero rates in italic and zero values are represented by
hyphens.

Rmax Rmin D C H3nr H3r H1nr H1r YAMnr YAMr VICnr VICr

(air) (air) (air) (air) - - - 0.02 - - - 0.96
1.25 0.5 1 Dec - - - - - - - -
1.25 0.5 2 Dec - - - - - - - -
1.25 0.5 4 Dec - - - - - - - -
1.25 0.5 6 Dec - - - - - - - -
1.25 0.5 8 Dec - - - - - - - -
1.25 0.75 1 Dec - - - - - - - -
1.25 0.75 2 Dec - - - - - - - -
1.25 0.75 4 Dec - - - - - - - -
1.25 0.75 6 Dec - - - - - - - -
1.25 0.75 8 Dec - - - - - - - -
1.5 0.5 1 Dec - - - - - - - -
1.5 0.5 2 Dec - - - - - - - -
1.5 0.5 4 Dec - - - - - - - -
1.5 0.5 6 Dec - - - - - - - -
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1.5 0.5 8 Dec - - - - - - - -
1.5 0.75 1 Dec - - - - - - - -
1.5 0.75 2 Dec - - - - - - - -
1.5 0.75 4 Dec - - - - - - - -
1.5 0.75 6 Dec - - - - - - - -
1.5 0.75 8 Dec - - - - - - - -
1.75 0.5 1 Dec - - - - - - - -
1.75 0.5 2 Dec - - - - - - - -
1.75 0.5 4 Dec - - - - - - - -
1.75 0.5 6 Dec - - - - - - - -
1.75 0.5 8 Dec - - - - - - - -
1.75 0.75 1 Dec - - - - - - - -
1.75 0.75 2 Dec - - - - - - - -
1.75 0.75 4 Dec - - - - - - - -
1.75 0.75 6 Dec - - - - - - - -
1.75 0.75 8 Dec - - - - - - - -
2 0.5 1 Dec - - - - - - - -
2 0.5 2 Dec - - - - - - - -
2 0.5 4 Dec - - - - - - - -
2 0.5 6 Dec - - - - - - - -
2 0.5 8 Dec - - - - - - - -
2 0.75 1 Dec - - - - - - - -
2 0.75 2 Dec - - - - - - - -
2 0.75 4 Dec - - - - - - - -
2 0.75 6 Dec - - - - - - - -
2 0.75 8 Dec - - - - - - - -
2.25 0.5 1 Dec - - - - - - - -
2.25 0.5 2 Dec - - - - - - - -
2.25 0.5 4 Dec - - - - - - - -
2.25 0.5 6 Dec - - - - - - - -
2.25 0.5 8 Dec - - - - - - - -
2.25 0.75 1 Dec - - - - - - - -
2.25 0.75 2 Dec - - - - - - - -
2.25 0.75 4 Dec - - - - - - - -
2.25 0.75 6 Dec - - - - - - - -
2.25 0.75 8 Dec - - - - - - - -
2.5 0.5 1 Dec - - - - - - - -
2.5 0.5 2 Dec - - - - - - - -
2.5 0.5 4 Dec - - - - - - - -
2.5 0.5 6 Dec - - - - - - - -
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2.5 0.5 8 Dec - - - - - - - -
2.5 0.75 1 Dec - - - - - - - -
2.5 0.75 2 Dec - - - - - - - -
2.5 0.75 4 Dec - - - - - - - -
2.5 0.75 6 Dec - - - - - - - -
2.5 0.75 8 Dec - - - - - - - -
1.25 0.5 1 Jan - - - - - - - -
1.25 0.5 2 Jan - - - - - - - -
1.25 0.5 4 Jan - - - - - - - -
1.25 0.5 6 Jan - - - - - - - -
1.25 0.5 8 Jan - - - - - - - -
1.25 0.75 1 Jan - - - - - - - -
1.25 0.75 2 Jan - - - - - - - -
1.25 0.75 4 Jan - - - - - - - -
1.25 0.75 6 Jan - - - - - - - -
1.25 0.75 8 Jan - - - - - - - -
1.5 0.5 1 Jan - - 0.20 0.02 - - - -
1.5 0.5 2 Jan - - 0.01 - - - - -
1.5 0.5 4 Jan - - - - - - - -
1.5 0.5 6 Jan - - - - - - - -
1.5 0.5 8 Jan - - - - - - - -
1.5 0.75 1 Jan - - 0.32 0.14 - 0.01 0.01 0.01
1.5 0.75 2 Jan - - 0.01 - - - - -
1.5 0.75 4 Jan - - - - - - - -
1.5 0.75 6 Jan - - - - - - - -
1.5 0.75 8 Jan - - - - - - - -
1.75 0.5 1 Jan - - - - - - - -
1.75 0.5 2 Jan - - 0.01 0.01 0.01 0.02 0.04 -
1.75 0.5 4 Jan - - 0.01 - - - - -
1.75 0.5 6 Jan - - - - - - - -
1.75 0.5 8 Jan - - - - - - - -
1.75 0.75 1 Jan - - - 0.01 - 0.01 - -
1.75 0.75 2 Jan - - 0.03 0.02 0.08 0.09 - -
1.75 0.75 4 Jan - - - - - - - -
1.75 0.75 6 Jan - - - - - - - -
1.75 0.75 8 Jan - - - - - - - -
2 0.5 1 Jan - - - - - - - -
2 0.5 2 Jan - - - - 0.04 0.09 0.06 -
2 0.5 4 Jan - - 0.01 0.01 - - - -
2 0.5 6 Jan - - - 0.01 - - - -
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2 0.5 8 Jan - - - - - - - -
2 0.75 1 Jan - - - - - - - -
2 0.75 2 Jan - - 0.03 0.02 0.73 0.47 0.76 -
2 0.75 4 Jan - - - 0.02 - 0.01 - -
2 0.75 6 Jan - - - - - - - -
2 0.75 8 Jan - - - - - - - -
2.25 0.5 1 Jan - - - - - - - -
2.25 0.5 2 Jan 0.32 - 0.03 0.04 0.02 0.07 0.02 -
2.25 0.5 4 Jan - - - 0.02 - 0.02 - -
2.25 0.5 6 Jan - - - 0.01 - - - -
2.25 0.5 8 Jan - - - - - - - -
2.25 0.75 1 Jan - - - - - - - -
2.25 0.75 2 Jan 0.67 1.00 0.30 0.51 - - 0.06 0.01
2.25 0.75 4 Jan - - - 0.01 - 0.02 0.01 -
2.25 0.75 6 Jan - - - 0.02 - - - -
2.25 0.75 8 Jan - - - - - - - -
2.5 0.5 1 Jan - - - - - - - -
2.5 0.5 2 Jan - - - 0.01 - 0.01 - -
2.5 0.5 4 Jan - - - - 0.03 0.04 0.01 -
2.5 0.5 6 Jan - - 0.01 0.02 - - - -
2.5 0.5 8 Jan - - - - - - - -
2.5 0.75 1 Jan - - - - - - - -
2.5 0.75 2 Jan - - - 0.01 - 0.02 - -
2.5 0.75 4 Jan - - - - 0.09 0.07 0.02 -
2.5 0.75 6 Jan - - - 0.03 - 0.01 - -
2.5 0.75 8 Jan - - - 0.01 - - - -

Table S6: Inclusion probabilities for the phylogeographic GLM comparison (C) of peak
time between November-aggregated (Nov) and December-aggregated (Dec) fluxes based
on a non-Markovian GLEAM parameterization. The highest inclusion probabilities for
each data set are shown in bold,zero values in hyphen and non-zero rates in italic.

Rmax Rmin D C H3nr H3r H1nr H1r YAMnr YAMr VICnr VICr

(air) (air) (air) (air) - - - 0.91 - 0.03 0.04 1.00
1.25 0.5 1 Nov - - - - - - - -
1.25 0.5 2 Nov - - - - - - - -
1.25 0.5 4 Nov - - - - - - - -
1.25 0.5 6 Nov - - - - - - - -
1.25 0.5 8 Nov - - - - - - - -
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1.25 0.75 1 Nov - - - - - - - -
1.25 0.75 2 Nov - - - - - - - -
1.25 0.75 4 Nov - - - - - - - -
1.25 0.75 6 Nov - - - - - - - -
1.25 0.75 8 Nov - - - - - - - -
1.5 0.5 1 Nov - - - - - - - -
1.5 0.5 2 Nov - - - - - - - -
1.5 0.5 4 Nov - - - - - - - -
1.5 0.5 6 Nov - - - - - - - -
1.5 0.5 8 Nov - - - - - - - -
1.5 0.75 1 Nov - - - - - - - -
1.5 0.75 2 Nov - - - - - - - -
1.5 0.75 4 Nov - - - - - - - -
1.5 0.75 6 Nov - - - - - - - -
1.5 0.75 8 Nov - - - - - - - -
1.75 0.5 1 Nov - - - - - - - -
1.75 0.5 2 Nov - - - - - - - -
1.75 0.5 4 Nov - - - - - - - -
1.75 0.5 6 Nov - - - - - - - -
1.75 0.5 8 Nov - - - - - - - -
1.75 0.75 1 Nov - - - - - - - -
1.75 0.75 2 Nov - - - - - - - -
1.75 0.75 4 Nov - - - - - - - -
1.75 0.75 6 Nov - - - - - - - -
1.75 0.75 8 Nov - - - - - - - -
2 0.5 1 Nov - - - - - - - -
2 0.5 2 Nov - - - - - - - -
2 0.5 4 Nov - - - - - - - -
2 0.5 6 Nov - - - - - - - -
2 0.5 8 Nov - - - - - - - -
2 0.75 1 Nov - - - - - - 0.03 -
2 0.75 2 Nov - - - - - - - -
2 0.75 4 Nov - - - - - - - -
2 0.75 6 Nov - - - - - - - -
2 0.75 8 Nov - - - - - - - -
2.25 0.5 1 Nov - - - - - - 0.01 -
2.25 0.5 2 Nov - - - - - - - -
2.25 0.5 4 Nov - - - - - - - -
2.25 0.5 6 Nov - - - - - - - -
2.25 0.5 8 Nov - - - - - - - -
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2.25 0.75 1 Nov - 0.01 - - - - 0.04 -
2.25 0.75 2 Nov - - - - - - - -
2.25 0.75 4 Nov - - - - - - - -
2.25 0.75 6 Nov - - - - - - - -
2.25 0.75 8 Nov - - - - - - - -
2.5 0.5 1 Nov - - - - - - - -
2.5 0.5 2 Nov - - - - - - - -
2.5 0.5 4 Nov - - - - - - - -
2.5 0.5 6 Nov - - - - - - - -
2.5 0.5 8 Nov - - - - - - - -
2.5 0.75 1 Nov - 0.01 - - - 0.01 0.03 -
2.5 0.75 2 Nov - - - - - - - -
2.5 0.75 4 Nov - - - - - 0.01 - -
2.5 0.75 6 Nov - - - - - - - -
2.5 0.75 8 Nov - - - - - - - -
1.25 0.5 1 Dec - - - - - - - -
1.25 0.5 2 Dec - - - - - - - -
1.25 0.5 4 Dec - - - - - - - -
1.25 0.5 6 Dec - - - - - - - -
1.25 0.5 8 Dec - - - - - - - -
1.25 0.75 1 Dec - - 0.26 - - - - -
1.25 0.75 2 Dec - - 0.02 - - - - -
1.25 0.75 4 Dec - - - - - - - -
1.25 0.75 6 Dec - - - - - - - -
1.25 0.75 8 Dec - - - - - - - -
1.5 0.5 1 Dec - - - - - - - -
1.5 0.5 2 Dec - - - - - - - -
1.5 0.5 4 Dec - - - - - - - -
1.5 0.5 6 Dec - - - - - - - -
1.5 0.5 8 Dec - - - - - - - -
1.5 0.75 1 Dec 0.68 0.92 0.05 0.03 - 0.07 0.49 -
1.5 0.75 2 Dec 0.30 0.02 0.21 0.01 0.02 0.03 0.22 -
1.5 0.75 4 Dec - - - - 0.03 0.02 - -
1.5 0.75 6 Dec - - 0.24 - 0.01 0.01 - -
1.5 0.75 8 Dec - - 0.01 - - - - -
1.75 0.5 1 Dec - - - - - - - -
1.75 0.5 2 Dec - - - - - - - -
1.75 0.5 4 Dec - - - - - 0.01 - -
1.75 0.5 6 Dec - - - - - - - -
1.75 0.5 8 Dec - - - - - - - -
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1.75 0.75 1 Dec - - - - - - - -
1.75 0.75 2 Dec - - - - 0.01 0.03 0.03 -
1.75 0.75 4 Dec 0.01 0.04 0.03 0.01 0.05 0.07 0.03 -
1.75 0.75 6 Dec - - 0.13 0.03 0.20 0.13 - -
1.75 0.75 8 Dec - - 0.04 0.01 0.17 0.07 - -
2 0.5 1 Dec - - - - - - - -
2 0.5 2 Dec - - - - - - - -
2 0.5 4 Dec - - - - - - - -
2 0.5 6 Dec - - - - - - - -
2 0.5 8 Dec - - - - 0.01 0.01 - -
2 0.75 1 Dec - - - - - - - -
2 0.75 2 Dec - - - - - 0.02 0.01 -
2 0.75 4 Dec - - - - - 0.01 0.01 -
2 0.75 6 Dec - - - - 0.06 0.07 0.01 -
2 0.75 8 Dec - - - - 0.24 0.17 - -
2.25 0.5 1 Dec - - - - - - - -
2.25 0.5 2 Dec - - - - - - - -
2.25 0.5 4 Dec - - - - - - - -
2.25 0.5 6 Dec - - - - - - - -
2.25 0.5 8 Dec - - - - - - - -
2.25 0.75 1 Dec - - - - - - - -
2.25 0.75 2 Dec - - - - - 0.01 0.01 -
2.25 0.75 4 Dec - - - - 0.02 0.02 - -
2.25 0.75 6 Dec 0.01 - - - 0.09 0.04 0.02 -
2.25 0.75 8 Dec - - - - 0.02 0.07 - -
2.5 0.5 1 Dec - - - - - - - -
2.5 0.5 2 Dec - - - - - - - -
2.5 0.5 4 Dec - - - - 0.01 0.01 - -
2.5 0.5 6 Dec - - - - - - - -
2.5 0.5 8 Dec - - - - - - - -
2.5 0.75 1 Dec - - - - - - - -
2.5 0.75 2 Dec - - - - - - - -
2.5 0.75 4 Dec - - - - 0.02 0.01 - -
2.5 0.75 6 Dec - - - - - - - -
2.5 0.75 8 Dec - - - - - 0.01 - -
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Figure S2: Marginal posterior inclusion probabilities associated with air
travel fluxes and GLEAM fluxes for different simulations. 20 Replicates of
discrete diffusion processes were simulated according to: (A) air travel; (B)
annual GLEAM fluxes with Rmin=0.50, Rmax=1.5 and D=6 years; (C)
annual GLEAM fluxes with Rmin=0.75, Rmax=1.75 and D=6 years; (D)
annual GLEAM fluxes with Rmin=0.50, Rmax=2.25 and D=1 year, (D)
annual GLEAM fluxes with Rmin=0.75, Rmax=2.50 and D=8 years. All
GLEAM fluxes were based on a peak time in January. R = reproductive
rate, D = waning of immunity, A/S = annual/seasonal.
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4 Comparative analysis of simulated fluxes

We use a multidimensional scaling analysis (MDS) to explore the differ-
ences between the simulated travel fluxes resulting from different GLEAM
parameterizations. We focus on how different parameterizations create dif-
ferent distributions of fluxes between April-September and October-March
periods. To quantify these differences, first, we extract, for each parame-
terization, the matrix containing the difference between the two six-month
periods (April-September and October-March), normalized by the total an-
nual flux. Secondly, we compute the distance between matrices by summing
the absolute differences between the individual elements. Finally, the MDS
allows for visualizing these distances in a two-dimensional space. In Fig. S3,
we compare, for each subtype and lineage, the fluxes generated by different
values of waning of immunity and transmissibility peak while maintaining
Rmax constant at the value selected by the GLM. For all influenza subtypes
and lineages, setting the peak of transmissibility in November and December
leads to distributions between April-September and October-March fluxes
that are more similar across waning of immunity values. On the other hand,
when the peak of transmissibility is in January, the waning of immunity plays
an important role in differentiating the flux distributions. For all influenza
subtypes and lineages, the GLM consistently selects parametrizations that
include the January peak and an immunity waning value that position best-
supported parametrizations at one end of the data point cluster.

In Fig. S4, we compare different waning of immunity D and Rmax with
peak of transmissibility for the northern hemisphere set at January 15th.
Also, in this case, the parameterization selected by the GLM is the one
positioned at one extreme of the cloud of points. Despite the fact that the
flux distribution pattern varies in a complex way with the epidemiological
parameters, the two analyses suggest that the GLM is able to capture a
genuine signal in this variation.

5 Comparison simulated vs. observed epidemics

We compared simulated epidemics at the level of countries with available em-
pirical records. Data on influenza laboratory-confirmed cases were obtained
by FluNet [25], a free online database maintained by WHO since 1995. We
used the FluNet weekly time series data limiting our analysis until 2019
to exclude the period heavily impacted by COVID-19. The H1N1pdm09
pandemic period (years 2009 and 2010) was also excluded. Furthermore,
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Figure S3: MDS plot illustrating flux differences for the selection of countries
used for H3N2, H1N1, Yamagata, and Victoria lineages. Various symbols
denote different peak transmissibility timings, while distinct colors represent
the duration of waning of immunity. The green-highlighted symbol depicts
the parameterization with the best support. We consider the best support
parametrization obtained with a predictor based on the sample size residuals
for H3N2, H1N1, and Yamagata. For Victoria, we employ the analysis
without the sample size residual.
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Figure S4: MDS plot illustrating flux differences for the selection of countries
used for H3N2, H1N1, Yamagata, and Victoria lineages. Various symbols
denote different values of Rmax, while distinct colors represent the duration
of waning of immunity. We highlight the best support parametrization. For
H3N2 and Yamagata, this is the same in the cases with and without sample
size residuals (green border in the figure). For Victoria, we highlight the
analysis without the sample size residuals (blue border). For H1N1, best
support parametrizations differ in the cases with and without sample size
residuals. These are both highlighted in the plot (green with sample size
residuals, blue without).
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Table S7: Number of countries used in the FluNet analysis, alongside the
percentage relative to the total number of countries in the specified seasonal
area.

H3N2 H1N1 YAM VIC
Region

Northern hemisphere 64 (80%) 36 (45%) 34 (43%) 28 (35%)
Southern hemisphere 7 (64%) 7 (64%) 5 (45%) 4 (36%)
Tropics 54 (42%) 19 (15%) 30 (23%) 25 (19%)
Worldwide 125 (57%) 62 (28%) 69 (31%) 57 (26%)

we conducted subtype-specific analyses for distinct timeframes. Within in-
fluenza A subtype, we explored H3N2 from 1999 to 2019 and H1N1 from
1999 to 2008. Concerning influenza B lineages, our focus was on the period
from 2011 to 2019, as limited data exists before 2011 concerning the dif-
ferentiation between Victoria and Yamagata lineages. At the country level,
the quality and coverage of the dataset have undergone changes over time.
For each country we excluded seasons with less than two months of reported
cases and retained only countries with data for at least three seasons. This
led to a dataset comprising 125 countries for H3N2, 62 for H1N1, 69 for
Yamagata, and 57 for Victoria. For clarity, we provide separate statistics
for the three seasonal areas (northern hemisphere, southern hemisphere, and
tropics). A country was categorized as northern (southern) hemisphere if
75% of its urban areas were located in that hemisphere and as tropics other-
wise. For all subtypes and lineages, countries considered in the analysis were
distributed in the three seasonal areas. However, distribution and coverage
were highly heterogeneous, as summarized in Table S7.

Further, subtyping of influenza A isolates into e.g. H3N2 or H1N1 was
not available in some instances. Thus, we adjusted H3N2 totals to account
for untyped A isolates, by adding each month to H3N2 counts the factor
nA×nH3N2/(nH3N2+nH1N1+nH1N1/09+nH5N1), where nA is the number of
untyped A isolates and nH3N2, nH1N1, nH1N1/09 and nH5N1 are the number
of isolates for each subtype [26]. The same was done for H1N1 and for
Victoria and Yamagata by considering the unsubtyped B data. From these
records, we computed the monthly distribution of cases along the year for
each year, and we averaged the profiles obtained in this way across the
different seasons to obtain a single monthly distribution of incidence cases
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Table S8: Spearman correlation coefficient between FluNet and simulated
epidemics. We consider the best-supported parametrizations with residual
for H3N2, H1N1, and Yamagata, and the best without residual for Victoria.
The table reports the average correlation values over all countries for each
seasonal area and worldwide. Average correlations are computed after the
Fisher transformation.

H3N2 H1N1 YAM VIC
Region Av. corr. Av. corr. Av. corr. Av. corr.

Northern hemisphere 0.83±0.02 0.78±0.03 0.86±0.02 0.84±0.02
Southern hemisphere 0.66±0.08 0.52±0.09 0.79±0.03 0.68±0.04
Tropics 0.10±0.06 0.10±0.10 0.12±0.09 0.16±0.09
Worldwide 0.60±0.04 0.60±0.05 0.64±0.05 0.62±0.06

capturing robust features of the influenza epidemics of the country. We
then compared these profiles with the same quantity as recovered from the
simulations.

We consider the best support parametrization obtained with a predictor
based on the sample size residuals for H3N2, H1N1, and Yamagata. For Vic-
toria, we employ the analysis without sample size residual, as that GLEAM
fluxes are not supported in analyses that include sample size residuals. The
visual comparison between data and simulations is shown in Fig. 3 of the
main paper for H3N2. In tropical countries, data are quite noisy. The model
reproduces a rather flat average profile as model output is the result of aver-
aging out oscillations in incidence which are driven by waning of immunity
and whose period is not a multiple of the year. For the other countries,
seasonal peaks of data and simulations are similar in the majority of cases
- see below for a more in-depth discussion. For each subtype and lineage,
average Spearman correlation coefficients broken down by seasonal area are
reported in Table S8.

We then tested how model performance in reproducing FluNet epidemic
profiles varies across epidemiological parameters. For Rmin = 0.75 and each
subtype and lineage, the bar plots of Fig. S5 summarize the average cor-
relation, computed over all countries varying Rmax and D. The majority
of scenarios tested show lower correlation compared to the best-supported
parametrization. A few scenarios had a slightly higher correlation. Still,
they were within the standard error of the best-supported parametrization.
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Therefore, the parametrization selected by the GLM is among the ones that
best reproduce incidence data.

Averages were taken over all countries of each region, combining the ones
where genetic data were available for calibration (in-sample countries) with
the ones where no genetic data were available (out-of-sample). Considering
the best-support parametrization, and taking the average over each of the
two groups separately we found for all subtypes and lineages no statistically
significant difference between the two groups when averaging over all coun-
tries worldwide (Welch’s t-test, with a significance threshold of p = 0.05).
Breaking down countries by seasonal area, statistically significant differences
were observed only for H1N1 and H3N2, when averaging over the north-
ern hemisphere. For H3N2, the average correlations were 0.86 ± 0.02 and
0.78 ± 0.02 for the in-sample and out-of-sample groups, respectively, while
the corresponding values for H1N1 were 0.81± 0.03 and 0.67± 0.04. Over-
all, the good values of correlation for out-of-sample countries demonstrate
the model’s capacity to capture robust influenza characteristics consistently
across the two groups.

Beyond average correlation, we used lagged correlation to systematically
analyze how well the best-support parametrization reproduced the time of
epidemic peaks in each country. For each country and subtype/lineage, we
systematically explored all possible time lags in months between simulations
and data to identify the optimal lag that maximizes the Spearman correla-
tion. Taking the average over all countries worldwide, the optimal lag was
close to zero for all subtypes/lineages (-0.35, -0.57, 0.49, and 0.44 months
for H3N2, H1N1, Yamagata and Victoria, respectively). This confirms that
the parametrization selected by the GLM well captured global trends. Still,
looking at individual countries revealed variations that were not always cap-
tured by the model, especially in the tropics. More precisely, the optimal lag
was between -1 and 1 months in the majority of countries in the northern
and southern hemispheres - 83% to 93% of countries in the northern hemi-
sphere and 57% to 100% of countries in the southern hemisphere according
to the subtype/lineage. However, it was within the same range for only
16% to 30% of countries in the tropics, according to the subtype/lineage.
This highlights that variations across countries in peak seasonality are es-
sential ingredients to be accounted for in future, more refined versions of the
model.

30



Rmax D
2.0 1

2.25 1
2.25 2

2.5 2
2.0 2

1.75 1
2.5 1
1.5 1

2.25 8
2.5 8
2.5 6
2.0 8

2.25 4
2.25 6

2.0 6
2.0 4

1.75 2
1.75 6
1.75 4

2.5 4
1.75 8

1.5 2
1.5 4
1.5 8
1.5 6

1.25 8
1.25 1
1.25 6
1.25 4
1.25 2

0.25 0.50 0.75
Correlation

H3 Rmax D
2.0 1

2.25 1
2.25 2

2.5 2
2.0 2

1.75 1
2.5 1
2.5 8
2.5 6

2.25 8
2.25 4
2.25 6
1.5 1
2.0 6
2.0 4
2.0 8
2.5 4

1.75 4
1.75 2

1.5 2
1.75 6
1.75 8

1.5 4
1.5 6
1.5 8

1.25 1
1.25 2
1.25 4
1.25 8
1.25 6

0.25 0.50 0.75
Correlation

H1 Rmax D
2.0 2

1.75 2
1.5 1

2.25 2
2.5 4

1.75 1
2.5 2
2.0 8

2.25 4
1.75 6
2.25 8

2.0 1
2.5 6
2.5 8

1.75 4
1.75 8

2.0 4
2.25 6

2.0 6
1.5 2
1.5 4
1.5 8
1.5 6

1.25 1
2.25 1
1.25 8
1.25 2
1.25 6
1.25 4

2.5 1
0.25 0.50 0.75

Correlation

YAM Rmax D
1.75 2
2.0 2

2.25 4
2.5 4
1.5 1
2.0 4

1.75 8
2.25 2
2.25 8

2.5 6
1.5 2

1.75 1
1.75 6

2.5 8
1.75 4

2.0 8
2.25 6

2.0 6
1.5 8
1.5 4
2.5 2
1.5 6

1.25 1
2.0 1

1.25 2
1.25 4
1.25 8
1.25 6
2.25 1

2.5 1
0.25 0.50 0.75

Correlation

VIC

Figure S5: For each influenza subtype and lineage, the figure displays the
worldwide average Spearman correlation between FluNet profiles and the
simulated incidence computed as in Table S8. The parameterization re-
ceiving the highest support is highlighted in green. For H1N1, since the
parametrizations with and without residuals differ, the best parametriza-
tion with residuals is highlighted with a continuous line, while the one with-
out residual is highlighted with a dashed line. In case of Victoria, only
the parametrization without residual is highlighted since, with residual no
GLEAM parametrizations outperform air-travel. The error bars display the
standard error.
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6 Influenza migration patterns

In Tables S10 and S9, we display the average migration fluxes among the
selected regions shown in Fig. 4, obtained from the GLEAM simulation for
the two epochs. Note that only dominant fluxes are displayed in Fig. 4,
while all fluxes are reported in the tables. Colormaps representing the two
tables are displayed in Fig. S6.
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October-March period April-September period

Figure S6: Simulated fluxes of imported cases among the regions used in
Fig 4 of the main text. Results for the scenario selected by GLM for H3N2,
i.e. Rmax = 2.25, Rmin = 0.75 and D = 2years.
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